Stochastic Physics, Complex Systems and Biology by Qian, Hong
ar
X
iv
:1
20
3.
35
54
v2
  [
nli
n.A
O]
  2
1 D
ec
 20
12
Stochastic Physics, Complex Systems and Biology∗
Hong Qian
Department of Applied Mathematics
University of Washington
Seattle, WA 98195, U.S.A.
December 24, 2012
Abstract
In complex systems, the interplay between nonlinear and stochastic dynamics, e.g.,
J. Monod’s necessity and chance, gives rise to an evolutionary process in Darwinian
sense, in terms of discrete jumps among attractors, with punctuated equilibrium, spon-
taneous random “mutations” and “adaptations”. On an evlutionary time scale it pro-
duces sustainable diversity among individuals in a homogeneous population rather than
convergence as usually predicted by a deterministic dynamics. The emergent discrete
states in such a system, i.e., attractors, have natural robustness against both internal and
external perturbations. Phenotypic states of a biological cell, a mesoscopic nonlinear
stochastic open biochemical system, could be understood through such a perspective.
Biological systems and processes are complex. One of the hallmarks of complex be-
havior is uncertainties, either in the causes of an occurred event, or in predicting its future
[26, 13]. This “feel” of complexity is intimately related to the following issue [20]: When a
system consists of only a few degrees of freedom, say x1, x2 and x3, a complete description
of the “trajectory” of (x1, x2, x3)(t) for all t consitutes a full understanding of the system.
However, when a system has a million of degrees of freedom, x(t) = {xi(t)|1 ≤ i ≤ 106},
a complete description of the x(t) is not informative at all! One needs to find an partic-
ular “angle” to synthesize the large amount of data, or a “pattern” to obtain a summary.
In classical physics of inanimated matters with relatively homogeneous individuals, this is
∗The 1st Gordon Research Conference on “Stochastic Physics in Biology”, chaired by K.A. Dill, was held
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accomplished by introducing the concept of distribution together with macroscopic thermo-
dynamic quantities, giving rise to the discipline of statistical thermodynamics. In modern
cellular biology, this is known as “data interpretation with respect to biological functions”:
Usually a narrative in addition to the data is required [23].
The foregoing brief discussion points to a key departure from the classical physics of
Newton and Laplace [31]: A rational choice of mathematical descriptions of biological
systems and processes requires a probabilistic view of the dynamics, which provides both
individual-based and distribution-based perspectives. Studying system dynamics in terms of
stochastics, either due to intrinsic uncertainties, lack of full knowledge, or due to a need for
organizing large amount of data, is the basis of what we call stochastic physics.
What is Stochastic Physics
Modern sciences emphasize quantitative representation of experimental observations, widely
known as mathematical modeling. Along this line, there are two types of modeling: the data-
driven and the mechanism based models. In the history of physics, Kepler’s model (laws)
was the most celebrated example of the former, while Newton’s theory of universal gravity,
which “explains” Kepler’s results, is the canonical example of a mechanism. In fact, the very
term mechanism was derived from the word mechanics. In biology, Mendel’s model (law)
was the former, and Hardy-Weinberg’s theory was the latter. The difference between the
example in physics and the example in biology is that the latter has to take into account of
uncertainties. Data-driven modeling incorporating uncertainties gives rise to the entire field
of statistics - and bioinformatics and financial engineering are two most active branches of
studies in recent years.
This leads straight to the question “where is the mechanism based modeling with uncer-
tainty”? Stochastic physics is precisely the answer to this calling. In sociology and eco-
nomics, this type of modeling is called agent-based, and in finance it is called behavior
finance.
In applied mathematics, statistics is associted with data-driven modeling and stochastic
process is associted with population distribution based mechanistic modeling. In physics,
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statistical physics has traditionally dealt with more on state of matters in equilibrium rather
than dynamics of open, driven systems. Nevertheless, it is a shining example of successful
stochastic modeling.
Nonlinear Physics and Stochastic Physics
Stochastic physics shares many of the concepts and concerns of the nonlinear physics that
has gone before it: They both are focused on dynamics of a system [18]. Technically, for
nonlinear systems exhibiting chaotic dynamics, a characterization based on distribution turns
out to be more appropriate [25]. Data analyses of chaotic signals also constantly employ
methods from statistics [1, 39].
Stochastic dynamics in linear systems and nonlinear systems are fundamentally dif-
ferent [38, 33]. The former can be essentially represented by a Gaussian process, which
was extensively studied by eminent physicsts like Uhlenbeck, Chandrasekhar, and Onsager
[44, 29, 12]. But stochastic dynamics per se is not the reason for complex behavior. A Gaus-
sian process has certain unpredictability, nevertheless the ultimate fate of the dynamics is all
the same: It fluctuates around its mean value.
However, when one faces a strongly nonlinear system with stochasticity, one has to talk
about evolution, evolution process in Darwin’s sense with punctuated equilibrium and spon-
taneous random “mutations” and “adaptations”. This is one of the profound insights derived
from the studies of nonlinear stochastic systems: The fluctuations in a nonlinear system with
multiple attractors make rare events, something with infinitesimal probability from a deter-
minsitic stand point, an sure occurance with probability one in an “evolutionary” time scale
[15, 37]. This picture fits J. Monod’s notion of chance and necessity [27, 18]. Furthermore,
when encountering external environmental changes, nonlinear multi-stable systems exhibit
adaptation by enhanced rate of transition into the “favored attractors”; and ultimately exhibit
“rupture” - the nonlinear catastrophe scenario in the presence of stochasticity [9].
Newton-Laplace’s dynamics gives us a sense of convergence. For strongly nonlinear
stochastic dynamics, the validity of the converging dynamics is only on a rather limited time
scale. In an evolutionary time scale, divergent dynamics emerges. This, we believe, is a
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philosophical implication derived from stochastic physics [31].
Stochastic Physics and Quantitative Biology
Physics and computer science (CS) are two cornerstones of modern, engineering world.
Therefore, it is not surprising that they support the most quantitative aspects of biology. Yet,
upon a more careful reflection, one realizes that thinkings in both physics and CS are in
odd with that of biologists: Physics considers systems that can be described with a few vari-
ables, known as “information poor” according to J.J. Hopfield [20], and CS, while deals with
much more complex problems, nevertheless in terms of perfect logics with almost infinite
precision. Biological systems are information rich, and biological processes are not about
percision or optimal, but rather about functional and survival.
The studies of biological cells, the universal building block of living organisms, also have
two foundations that echoed physics and CS: biochemistry and genomics. Biochemistry is
founded on the tradition of physics, via the investigations of macromolecular structures and
dynamics and biochemical reactions, while genomics heavily utilizes concepts and methods
from CS, i.e. coding, information, discrete mathematics, leading to the emergence of bioin-
formatics in recent years. The heavy influences of physics and CS in biological thinking, in
fact in all 21-century modern thinkings, is unmistakable. Nowadays, even the studies of bio-
chemical reaction systems are usually about their information logic flow. Known as signal
transduction, it provides a clear link between biochemistry within a cell, to perceived func-
tion. However, one often forgets that information is only an abstract term; its physical bases
have to be either energy or material. In cell biology, they are represented by the structure
and states of macromolecules. The information logic flow aspects of biochemical reaction is
our “models” and “interpretations” of a biological organism based on our understanding of
its engineering functions! It is a “narrative” cell biologists provide to understand a complex
reality [28].
This reveals an important gap in the current dominant thinking of cell biology: the link
between the physics of molecules, the chemistry of reactions, and the information logic flow
they represents. It is widely recognized that investigations into this link require statistical
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physics and molecular thermodynamics in small systems with dynamics [30, 7, 36]. Filling
this gap has been called for as the systems biology of cells [45]. Though yet to be proven, it is
not difficult to see that the stochastic physics approach as described above has the potential
to be a powerful, quantitative language of cellular dynamics and other biological systems
[34].
The stochastic physics approach to biology relies more on mechanistic understanding
of biological systems and processes than on high-throughput large data sets. It is a power-
ful tool to generate working hypotheses in a rigorous way. In current biological research,
one often states that “we like to know how it works”. However, a scientifically more sound
statement should be “we like to know whether it works in this way?”. This goes back to
the hypothesis-driven research with strong inference [6]. Taking uncertainties into account,
stochastic modeling is based on one’s mechanistic understanding, and relies on mathemat-
ical deduction to generate precise hypothesis. It will be an indispensible tool in biological
research on par with data-driven bioinformatics.
Cellular Biology and Theory of Evolution
Based on the Modern Synthesis of Darwin’s theory of evolution, the current population ge-
netics and genomics [24] attribute the molecular basis of biological variations to different
DNA sequences, which is inheritable through Mendelian genetics and Watson-Crick base-
pairing mechanism. Biochemistry, however, has been always considered as merely a deter-
ministic mechanics that executes the instructions coded in the DNA [2].
Recent laboratory measurements on stochastic gene expression in single cells with single-
molecule sensitivity, however, has broken the genomic monoplay of biological variations
[10, 8]. Stochasticity has been increasingly recognized as a key aspect of cellular molec-
ular biology. In terms of Darwin’s evolution, Kirschner and Gerhart have maintained that
the essential role of cellular and organismal biology is to provide phenotypic variations with
plausible molecular mechanisms that bridge genomes and lives [22].
The tenants of stochasitc physics fit this perspective. In particular, the mathematical
theory of stochastic processes has revealed a rich thermodynamic structure in any stochas-
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tic dynamics based on Markov formalism [14]. The thermodynamic theory clearly distin-
guishes a closed stochastic system which reaches an equilibrium distribution with detailed
balance, and an open, driven stochastic system which reaches a nonequilibrium steady state
[46, 17, 21, 40]. It has been firmly established that the latter corresponds to precisely cel-
lular biochemical systems upon which continuous chemical driving forces are applied. The
conversion of chemical energy into heat in isothermal cellular systems can be characterized
by entropy production rate [32, 41].
The external energy supply, as the “environment condition” for an open system, is the
thermodynamic necessity for self-organization and complex behavior [32]. Thermodynam-
ics, however, can only tell what is possible and what is not; but it does not tell what is feasible
and what is the mechanism. For the latter, detailed “molecular mechanisms” have to be de-
veloped. There is clearly a dichotomy between the nature vs. nurture for the function of a
biochemical system. A stochastic description of dynamics provides a unique tool to under-
stand the occurrence of sequential events, i.e., kinetics, in terms of the “most probable path”
[42, 43, 16].
There is a growing interest in understanding cell differentiation including stem cell dif-
ferentiation and reprograming, isogenetic variations, and even cancer carcinogenesis from
an evolutionary perspective at the cellular level [19, 5, 43]. The mathematical theory of
evolution and population genetics has long been based on stochastic processes [11, 3, 4].
Therefore, the stochastic physics approach to cellular biochemical dynamics provides a nat-
ural unifying framework to further this exciting new frontier of biological science.
A stochastic physics based quantitative understanding of cellular biology, in return, will
provide a paradigm for studying other complex systems [33, 46, 35].
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